We use a novel, fifteen-year panel dataset on China's system of research institutes to examine the determinates of knowledge production, the role external factors play in increasing research productivity, and the extent to which distance mitigates these spillovers. We find robust evidence that knowledge inputs like R&D personnel increase patenting and publication. External R&D spending in the institute's province and the institute's industry knowledge stock spill over into increased knowledge production. We find that being located on average farther from institutes engaged in similar research reduces the impact of these spillovers. These results have important policy implications as China attempts to increase economic activity away from the coast and aims to improve the productivity of its research institute sector. JEL Code: O31, O32, O33, L2
Introduction
A large literature in economics has studied the role that research and development (R&D) can play in promoting economic growth. This literature is specifically relevant in China a country with robust economic growth and levels of R&D comparable to high-income countries like the United States and those of the European Union.
However, detailed empirical studies of R&D and knowledge production are somewhat limited, especially in China. These limitations stem from the difficulty of measuring knowledge as an output, the diffuse nature of R&D as it is carried out by many different entities, and the external effects of knowledge production which can be difficult to account for without explicit connections between research entities.
We address these difficulties by exploiting a novel data set on China's system of roughly 4,000 research institutes. These data are administrative data collected by the Chinese Academy of Science and Technology for Development (CASTED) a division of the Ministry of Science and Technology (MOST) for the purpose of evaluating the large population of research institutes. The data are a panel beginning in 1998 and ending in 2012 and contain very detailed information about each research institute. For example, we observe: annual revenue broken down by type; number and type of employees, equipment and inputs in the production process again disaggregated by type, number of patents applied for and granted by type, number of scientific papers published, the industry in which the institute specializes, and the administrative region code corresponding to the research institute's location.
We exploit these data to examine the factors contributing to knowledge production within China's research institute sector. We examine the role various inputs have in increasing knowledge production. Additionally, we focus on the role of external factors in influencing the productivity of the research institutes, an effect we refer to as the spillover effect. In analyzing these factors, we distinguish between two types of spillover variables. External spillover variables capture activity outside the research institute system, internal spillover variables capture activity within the research institute system Specifically, for our external factors we use measures of economic activity, R&D spending, and patenting within the research institute's industry and province. For our internal factors we use measures of revenue and R&D expenditure among other research institutes within the research institutes industry and province.
We find that inputs are generally helpful in increasing knowledge production. Institutes with more personnel or equipment and those that use more intermediate inputs receive more revenue and produce more knowledge as measured by patents and scientific papers. Additionally, we find that when these inputs are science and technology (S&T) inputs the research institutes are more productive in terms of receiving more revenue and when these inputs are R&D inputs the institutes publish more scientific papers. Importantly, these results are robust to allowing for institute fixed effects that control for unobservable (time invariant) heterogeneity across the research institutes.
We find robust evidence of positive spillovers to research institute productivity. Based on our external spillover variables we find that when the research institute's industry grows as a fraction of the output in its province it also tends to generate more revenue. We also find that when the research institute's province spends more on R&D or patents more, research institutes also patent more and publish more scientific papers.
For our internal spillover variables, we find that research institutes generate more revenue, controlling for observable inputs and institute fixed effects, when other research institutes that are in both their province and sector generate more revenue. We also find that these institutes patent more and publish papers more when research institutes in their province and sector have spent more on R&D in the past.
A novel aspect of our paper is knowing the location of the research institutes. We use this information to create a measure of how far away each institute is from related institutes. Using this measure, we demonstrate that the positive spillovers from similar research institutes diminish with increased distance from them.
The results in our paper have important policy implications for research initiatives in China.
Specifically, they point to difficulties in developing more remote regions and the importance of promoting knowledge transmission among more distant research institutes. They also reveal inefficiencies in the research institute sector that the government can work to ameliorate.
Our paper relates to three substantial literatures: the literature on knowledge spillovers, the literature on agglomeration economies, and the China-specific research on R&D. We will discuss each literature briefly and contrast our paper with these previous works.
It has long been recognized that the production of knowledge -new ideas, inventions or innovations, differs from the production of other goods and services. Specifically, novel innovations depend more strongly on the work of others in the same field and therefore the productivity of one institution is more likely to impact positively the productivity of another related institution. An early example of this recognition is Grilliches (1991) who surveyed the current work on knowledge spillovers. He found rates of return to R&D of between 20-50% after accounting for spillovers. Bernstein and Nadiri (2002) document substantial R&D spillovers across manufacturing firms. Jaffe (1986) found that R&D expenditure by similar firms increased own patenting activity and Jaffe et. al. (1993) found that inventors were more likely to cite patents from inventors that were close to them geographically. This result is echoed by Thompson (2006) who shows that inventors are more likely to cite local inventors than patent examiners. However, Thompson and Fox-Kean (2005) find that while inventors are more likely to cite inventions from their own country, there are insignificant effects at a more disaggregated level. Recent surveys, e.g. Wieser (2005) and Bloom et al. (2018) continue to find an important role for knowledge spillovers in productivity as do meta-analyses like Neves and Sequeira (2018) and Ugar et al. (2020) .
University research is also expected to spill over into for-profit R&D activity (Qiu et. al 2017) . Jaffe (1989) finds that geographic overlap between research universities and private R&D labs, increase lab productivity. Anselin et al (1997) document larger knowledge production in states where universities and R&D intensive firms are more co-located. Kantor and Whalley (2014) show that endowment shocks increase labor income in the non-education sector.
Foreign direct investment can also be a channel of knowledge spillovers. Branstetter (2000) examines the role that FDI played in facilitating knowledge spillovers to and from Japanese firms investing in the US. Cheung and Lin (2004) show that FDI is associated with increased patenting in China at the provincial level as does Zhang (2017) .
A small number of papers have looked at knowledge spillovers in China. Kuo and Yang (2008) document a correlation between regional R&D spending and regional economic growth rates. Hu et al. (2005) showed that R&D spending by private enterprises can facilitate technology transfer.
Knowledge spillovers explain agglomeration, the tendency for economic activity to be clustered in specific geographic areas. Audretsch and Feldman (1996) show that innovative sectors are more clustered than other economic activity. Ellison et al. (2010) find that knowledge spillovers contribute to industry agglomeration as do Buzzard and Carlino (2013) for R&D labs. Carlino and Kerr (2015) provide an extensive survey of this literature and note importantly, based partially on the evidence of Rosenthal and Strange (2001) , that spillovers attenuate with distance.
Our paper differs substantially from previous works on knowledge spillovers. Almost all work has been done in developed countries, specifically the US and European countries. Additionally, the research has focused on for-profit entities like manufacturing firm, R&D labs, or research universities. Little work has been done on a system of government funded research institutes whose main purpose is knowledge production. Furthermore, despite the emphasis in China on research and development, almost all current economic analyses of knowledge production in China have been performed at a substantially aggregated level.
A noticeable body of work establishes the key role that R&D and science and technology play in the Chinese economy. Xie and Freeman (2018) argue that Chinese authors account for almost 20% of scientific journal output. Zhong and Yang (2007) discuss various Chinese reforms and policies to promote R&D and linkages between enterprises and government research institutes. Liu et al. (2011) document that these policies have become multifaceted and more decentralized. Cao et al. (2019) suggest further reforms to improve Chinese R&D output. Motohashi and Yun (2007) show that manufacturing firms outsourced more S&T activity over time from 1996 from to 2002 from and Chen et al. (2019 document collaboration between Chinese Academy of Science researchers and industry.
Research institutes are specifically mentioned in Zhong and Yang (2007) along with the work of Conroy (1982) who provides a history of the sector. Hu and Matthews (2008) argue that universities are the key driver of knowledge production but document a growing role for the research institutes after a series of reforms intended to make the research institutes more adaptive to industry needs (see Jiang et al. 2016) .
Our paper differs from other work on Chinese research institutes by being substantially more quantitative. First, we work with very detailed data: a panel of 4,000 institutes over 15 years.
Second, we have a large number of input and output variables and we are able to directly examine the role distance plays in attenuating spillovers.
The remainder of the paper proceeds as follows. Section 2 describes the data, section 3 describes our empirical strategy, section 4 presents the results, and section 5 concludes.
Data

Key Variables
For our analysis we use data collected by the Chinese Academy of Science and Technology for Development (CASTED) a division of the Ministry of Science and Technology (MOST). As the umbrella ministry charged with the evaluation of China's expansive research institute sector, MOST has authorized CASTED to administer an extensive and annual survey of China's roughly 4,000 research institutes. As the research institutes are required by both law and regulation to respond to the survey in a complete and timely manner, the data are typically comprehensive and reliable. CASTED has graciously allowed us direct access to this data to conduct analysis at their offices in Beijing, China.
The data are a panel of research institutes that begin in 1998 and extend through 2012. The panel is not balanced and we observe both institute entrance into and exit from the database. The vast database contains over 300 variables on the research institutes. A complete documentation of the database would be misplaced here, instead we describe the variables that we use in our analysis.
We have various measures for the research institutes that we can loosely describe as output. The first of these measures is total revenue, which represents income from all sources. Total revenue is comprised of three components which we refer to as science and technology (S&T) revenue, production and management (P&M) revenue and other revenue. S&T revenue represents revenue from activities related to science and technology. These activities can range from income from licensing patents to research grants the institute receives. One subset of S&T revenue is government grant revenue, which represents research funding the institute receives from the local, provincial or national government. However, research institutes can also receive S&T income from technological development, licensing, consulting and other services which we refer to as nongovernment grant revenue. Finally, P&M revenue captures revenue the research institute receives from the production and sale of products. Unlike a manufacturing firm or a similar type of business, output of a research institute is more difficult to measure. Indeed, their end goal is often the production of knowledge which is both hard to measure and hard to value. To capture knowledge output we use data on patenting and publishing by the research institutes. We have data on number of patents applied for and also the number of patents granted. CASTED also collects data on the number of these patents which are invention patents, a more novel level of innovation, compared to a utility patent which is more of a process innovation or adaptation of an already established invention. We also have data on the number of research papers published by the institutes' employees.
Our second set of variables are our input measures. We use data on the total number of employees at the research institute. We can decompose employment into three type of employees: production and management personnel, science and technology personnel and other personnel. We also have data on a subset of S&T personnel, the number of R&D personnel. We know the amount spent on S&T related equipment and intermediate inputs (e.g. material inputs, conference expenses) used in any production activity the institute is engaged in. Finally, we have a catch all total expenditure variable that captures all spending including wages for personnel, equipment costs and the costs of intermediate inputs. We use data on total expenditure overall and total expenditure broken up into S&T expenditure, R&D expenditure and P&M expenditure.
Finally, we know some important institute specific information which we exploit. Institutes are classified by industry based on the most likely commercial applications of their research output.
Institute are grouped into 45 industry categories. 1 Additionally, we have location data on these institutes. Specifically, we known the administrative region code in which they are located. We have six-digit administrative region codes which correspond to a finely disaggregated geographic area. These areas can be district within a populous city or cities or counties in less dense areas.
Specifically, the rule for the six-digit administrative region codes is as follow: the first two numbers represent provinces (autonomous regions, municipalities directly under the Central Government), the third and fourth numbers represent regions (cities, prefectures, alliances) , and the fifth and sixth numbers represents counties (districts, cities, banners Based on the R&D expenditure and location data, we then calculate two important variables for our analysis. The first is the research institute's knowledge stock and the second is a measure of a research institutes distance from its relevant knowledge stock.
Calculating a knowledge stock
Investment in R&D may not have an immediate payoff in terms of increased revenue, patenting or publication. In fact, the effects of R&D may take many years to result in increased output.
Additionally, R&D creates a stock of knowledge that can increase productivity for many years to come. To address both the lagged impact of R&D expenditure and its potential persistent affects, consistent with the literature, e.g. Bernstein and Nadiri (2002) , Hall et al. (2010) , we rely on a knowledge stock variable which we calculate from the data.
Specifically, for each research institute {i} we can calculate a knowledge stock at time {t} as: 1 At times it is useful to aggregate these industries by sector. The sectors we use are: Agriculture, Mining, Low-tech, Med-low tech, Med-high tech, High-tech, High-tech service, Sanitation, Electric and Gas production, and Other.
The appendix documents how we assign industries to sectors.
We use a depreciation rate of δ=0.15 based on the review of the literature from Hall et al (2010) .
Since our R&D expenditure data begin in 1998, we use the perpetual inventory method to calculate an initial knowledge stock. This method assumes that R&D expenditure in the past grew at the rate g (where g is the average growth rate of R&D in the sample) and depreciated at the rate in the past as well. 2
Calculating the distance between institutes
We know the administrative code where the institute is located. We can therefore calculate the distance between any two research institutes (assuming the institute is centered in the region corresponding to the administrative code). First, we map administrative code to GPS coordinates (latitude and longitude in degrees) using Google maps. Then we can calculate the distance between two institues {di,j} using the Haversine formula [Sinnott (1984) ]. For this method let: a = sin²(Δφ/2) + cos φ1 ⋅ cos φ2 ⋅ sin²(Δλ/2)
where φ is latitude in radians, λ is longitude in radians, and R is the radius of Earth (6,371km).
We convert degrees to radians using the following formula: Radians = Degrees*π/180.
External Data
As part of the analysis we also consider spillovers from outside the research institute sector. For data on R&D expenditure and patenting. 3 We use data from the China Statistical Yearbook for data on provincial value added in industry and regional gross domestic product. 4 We obtain data from the China Statistical Yearbook for data on the size of the provincial labor force in 1998-2010, and the Provincial Statistical Yearbook for data in 2011-2012. 5
Econometric Framework
For our econometric analysis we model each research institute's output with a Cobb-Douglas production function. Output will depend on labor inputs, intermediate inputs, and spillovers from other related research institutes.
Specifically, research institute {i} has output at time {t} which is given by a production function:
Here Li, t is labor input, Xi, t are other inputs, and K o i, t are inputs and production of other related institutes which, we call the spillover variable.
Taking logs, we arrive at the following estimation equation:
here we are implicitly assuming that the productivity level can be broken up into a common year effect, a time invariant institute fixed effect, and an unobservable institute-year specific shock. To interpret these coefficients, note that α is the elasticity of output to labor input, β is the elasticity of output to other inputs and γ is the elasticity of output to the inputs and output of other related institutes.
Since we are interested in the impact that distance has on the ability of a research institute to receive positive spillovers from related institutes, we consider the interaction of the spillover variable with distance. This modification then gives our main estimation equation:
In this formulation, the spillover variable is calculated as , ,
where xj,t is an input or output measure for a related research institute. (The concept of related research institutes will be defined below.) The spillover variable is the sum across all related research institutes, of a specific input or output variable, examples of which will be given below.
We then calculate for each research institute its distance from related research institutes by taking the average physical distance weighted by the input/output measure for the related research institutes.
where ∑ , Next, we describe the various measures we use for outputs, inputs and spillover variables. For this section it is helpful to explain the analysis in two parts. The first part consists of regressions that use monetary variables like revenue as an output measure; the second part consists of regressions that use count variables like patents which are a more direct measure knowledge output.
For our more economic output measures we consider total revenue, S&T revenue, P&M revenue and government grant revenue. For our labor input variables, we use total personnel, the fraction of total personnel that are S&T personnel and the fraction that are P&M personnel. For our other input variables, we use S&T equipment and S&T intermediate inputs. 6 For our spillover variables we consider spillover variables both external to the system of research institute and internal to the system of research institute. Our first external variable is total R&D expenditure within the research institute's province. To control for the large variation in size across provinces we divide this number by the size of the provincial labor force. Our second external spillover variable is total industry sales/RGDP by province. For each research institute this variable is the fraction of the domestic product of its province that comes from output in its industry. Our first internal variable is total revenue, where we take as the relevant comparison group other research institutes in the same industry. Our second internal spillover is again total revenue but here the comparison group is research institutes within the same sector and province as the research institute.
For our more knowledge-based output measure we use a variety of patenting measures: total patents applications, total patents granted, total utility patents, total invention patents and scientific papers published. Our input measures consist of total personnel, S&T personnel, the fraction of total personnel that is R&D personnel, S&T equipment, S&T intermediate inputs and the fraction of S&T inputs and equipment that are R&D equipment.
Again, we examine a variety of spillover variables both external and internal to the research institute system. For our external variables we use total R&D expenditure within the research institute's province scaled by the size of the provincial labor force. We also use total patents within the research institute's province scaled by provincial population. For our internal spillovers we rely on our knowledge stock variables. The first knowledge stock variable is based on R&D expenditure for the institute's industry. The second knowledge stock variable is based on R&D expenditure within the institute's industry and province. Finally, we also examine the impact of the number or research institutes within the research institute's industry and province.
Patenting and publishing are sporadic activities. In fact, many research institutes do not patent or publish in a given year. To account for this probability mass at zero we use a Poisson estimator.
For this estimator the expected number of patents and papers is given by:
and the probability of observing a patenting or paper outcome yi,t is given by the Poisson pdf:
, ! We can then estimate the model by maximum likelihood.
Results
Summary Statistics
We begin with a descriptive analysis of the dataset. Table 1 lists the mean, standard deviation, minimum and maximum for the revenue, personnel, input, patent and paper production variables.
In 1998 the average revenue across the sample of research institute was 8.6 million RMB. By 2012 it had climbed to 103 million. This change represents an average increase of 23% per year. In contrast, the Chinese economy grew at a rate of 8% per year over this period and inflation was 2%. 7 These data show robust growth in the research institute sector. Additionally, there is a large amount of heterogeneity in revenue. The standard deviation of revenue reaches 1.6 billion RMB by 2012 and the largest research institutes have revenue in the tens of billions of RMB.
Next we look at the composition of revenue. Revenue can be split into revenue from S&T related activities and P&M (Production and Management) activities. We find that 85% of institute revenue 7 Inflation and real GDP growth come from the World Bank World Development Indicator and the Penn World Table 9 .0 respectively. Data are obtained via Federal Reserve Economic Data (FRED). comes from S&T activities and 15% come from P&M activities. These fractions are stable across time. Government grant revenue, a subset of S&T revenue, has increased from 55% of revenue on average in 1998 to 66% of revenue in 2012. This increase is consistent with the government's stated policy goal of concentrating the research institute sector towards basic research funded by the government and away from more commercial activities [see Jiang et al. (2016) ] Table 1 also While the number of workers has remained roughly constant over time the composition of the workers has changed noticeably. The fraction of employees primarily involved in S&T activities rose from 70% in 1998 to 76% in 2012. While the fraction involved in production and management fell from 19% to 12% over the same period. Similarly, the fraction of personnel that were classified as R&D personnel (an employee working on the most innovative activities) rose dramatically from 17% in 1998 to 41% in 2012.
Spending on S&T intermediate inputs and equipment also grew rapidly. Spending on S&T
intermediate inputs like materials, conference travel etc. increased from 2 million RMB in 1998 to 17 million RMB in 2012 and spending on S&T equipment rose from less than one million RMB in 1998 to over 6 million RMB in 2012. These increases represent an average growth rate of about 18% per year. We again see evidence of some very large research institutes. The standard deviation is 4 to 6 times the mean of spending and the maximum spending is over a billion RMB in 2012.
Finally, we turn our attention to the summary statistics on patenting. The average research institute applied for 0.5 patents (and was granted 0.35) in 1998. By 2012 the average research institute applied for 8.4 patents (and was granted 5). We also can see that among patent applications, most were for invention patents, a more novel idea compared to the more process-based innovations captured by utility patents. The average research institute published 16 papers in 1998. By 2012 that number had risen to 38. The data also demonstrates a large amount of heterogeneity in patenting. The largest research institutes produce thousands of patents per year.
To visualize this heterogeneity, Figure 1 presents histograms for patent applications, patents granted, innovation patent applications and scientific papers. We use the sum of these values for the current year and the previous two years. For clarity we truncate the histograms at 50 for patent applications, patents granted, and scientific papers and at 30 for invention patent applications. We see that about 45% of research institutes failed to apply for a patent over the last three years.
Additionally, half of research institutes were not granted a patent in the last three years. Eighty percent did not apply for an invention patent and 28% had no scientific publication in the last three years. However, of the research institutes that did patent and publish there are a substantial number with 10 or more patents or publications.
Geographic Distribution of Research Institutes
Next we explore the geographic distribution of the research institutes. Recall that we have detailed information on the location of the research institutes. Given the administrative region code which is in our data we have a precise measure of the geographic area where the institute is located. These codes vary depending on population density. In the most densely populated areas, the administrative code would correspond to a district. In less densely populated areas, the code corresponds to and entire city or a county in the least dense areas.
We use this geographic detail to calculate distance between research institutes for our regression.
The last rows of table 1 presents overall summary statistics for distance. (We do not calculate it by year since distances do not change by year). The average research institute is 1,221 km from the other institutes in its industry. The most remote research institute is 3,521 km on average from the other research institutes in its industry and the standard deviation of this measure is 395 km.
The average research institute is 145 km from the other research institutes in its province. The best-connected research institute is only 5.3 km on average from the other institutes in its province and the most remote is 1,086 km from the others in its province. The standard deviation of this measure is 145 km. For more detail see appendix table 1 which breaks down distance by each industry and province.
To further analyze the distribution of research institutes, we present a cross-tabulation of research institutes at the aggregate province and sector level. This tabulation is contained in For a more graphical approach to demonstrating geographic clustering, view figure 2. For four sectors with the largest number of research institutes, we plot the percent of the total number of research institutes in that industry by province. All data is from 2012.
Since there are 31 provincial administrative areas, if research institutes were evenly distributed across the provinces, we would have 3.2% of the research institutes in each province. Instead we see a much less even distribution. For example, in Agriculture, Heilonjiang and Guangdong have 6% of the research institutes while Qinghai has less than 1%. For Low-tech industries, Beijing and Shandong have the highest percent of research institutes around 8% while the western provinces have none. We see a similar pattern for the Med-High-tech industries, but now Liaoning has the largest share, around 7.5%. Finally, Beijing is the leader in High-tech services with over 12% of the research institutes. However, Shandong and Guangdong have large shares as well. In contrast, Hainan, Chongqing, and Ningxia have very few research institutes.
Regression Results
We now turn our attention to the regression analysis. Our main regression equation is:
Here yi,t is a measure of output like total revenue, li,t is a measure of labor input, Xi, t are additional input measures like equipment and intermediate inputs, ηi are sector and province fixed effects or institute fixed effects, λt are year fixed effects and k 0 i,t is the spillover variable.
For our spillover variables we consider variables external to the system of research institute and variables internal to the system of research institutes. When we use a variable that is internal to the system of research institutes, we interact it with the research institute's distance from other research institutes. Section 3 discusses how distance is calculated. Table 3 begins our analysis of the patenting and paper variables. Recall, that for these count variables we use a Poisson estimator. In this case, we are modeling the log of the Poisson parameter λ (the expected number of patents) as a linear function of our explanatory variables.
Patenting and Scientific Paper Results
We consider three labor input measures: total personnel, S&T personnel and the fraction of S&T personnel which are R&D personnel. We have two additional input variables: log S&T equipment and log S&T intermediate inputs. We also include the fraction of S&T equipment which is R&D equipment. For our spillover variables we consider the external variables R&D expenditure within the province per worker and provincial patents per person. For our internal spillovers we consider the knowledge stock in the institute's industry and the knowledge stock in the institute's province and sector. We also include the number of other institutes in the same province and sector as the research institute. We generally enter the spillover variables individually to avoid collinearity. In each table and for each spillover variable, the first column's analysis is without institute fixed effects, the second adds institute fixed effects.
We see that total personnel increases patent applications as does the number of S&T employees.
For both variables, a 10% increase in personnel leads to a 2% increase in patents on average based on the fixed effects specification. Having a larger fraction of R&D personnel increases the number of patents but this effect switches sign with institute fixed effects. This is most likely because R&D workers are focused on basic research and not patenting. We find support for this conjecture when we examine the impact on scientific papers where a large R&D share of personnel is associated with more publishing. S&T equipment and inputs both tend to increase patent applications. It also appears that when a larger share of S&T equipment is R&D equipment patenting will increase even more.
Next we examine the effect of our external spillover variables. We find that having more R&D spending per worker in the province spills over into more institute patenting. A 1% increase in external R&D spending is associated with an expected increase in patenting of 0.33%, controlling for observable inputs and unobservable time invariant factors using institute fixed effects. We also find evidence that provincial patenting spills over to the research institutes. If the number of patents in the province per person rises so does research institute patenting, though the result is only statistically significant in our fixed effects specification.
For the internal spillovers we focus on a knowledge stock measure. This measure is the depreciated sum of past R&D expenditure. If there is a large knowledge stock in one's sector and province, patenting tends to increase. A 10% increase in the provincial-sector knowledge stocks leads to a 1.9% increase in the expected number of patent applications from the research institute.
Interestingly, this effect is mitigated by distance. For every 100% increase in distance from the knowledge stock, the effect of the knowledge stock on the research institute's patents falls by 0.13 percentage points. We also find that an increase in the number of research institutes in your province and industry decreases patenting, suggesting the possibility of increasing returns to scale in patenting at the institute level as we would see more productivity if the existing institutes inputs were combined into few institutes. On the other hand, we see that having a large knowledge stock in one's industry does not affect patenting for the research institutes. Perhaps because while a larger knowledge stock may promote spillovers, many inventions have already been patented making it harder to patent more. In table 5, we find that there are more invention patents when industry knowledge stock is higher, consistent with this notion that institutes must be more innovative to patent in industries with much prior R&D expenditure.
It may seem surprising that the coefficient on distance for the provincial sector knowledge stock is positive. However, given the presence of the interaction term in the regression the marginal effect distance is given by the first distance coefficient plus the coefficient on the interaction term times the provincial sector knowledge stock. The (log) mean value of the provincial sector knowledge stock is 14.3. Evaluating the distance effect at this mean value we get a marginal effect of distance equal to -0.098 implying the intuitive result that 10% increase in distance from the knowledge stock is associated with a 1% reduction in patenting.
In addition to patent applications, we also have data on the number of patents granted. We present results for this measure in table 4. As with patent applications we find that increased S&T personnel, inputs and equipment all increase patenting. There are some differences though. We find, with fixed effects, that total personnel and the fraction of R&D inputs negatively impacts patents granted. We take these results as evidence that expanding research institutes are focusing on basic research which does not necessarily lead to more patenting. We show in table 7 this increased spending does lead to more scientific publications though.
Again, for our spillover variables, more R&D per worker in the province and more patents per person in the province lead to more patenting. Turning to our internal spillover variables we find that the knowledge stock within one's province and sector promotes patenting and that this effect diminished with distance. We also find that fewer patents are granted when the research institute's national industry knowledge stock is large.
There are two main types of patents: invention patents and utility patents. Invention patents are more innovative compared to utility patents which are like adaptations of current innovations. For invention patents we see that increased personnel (fixed effects), S&T personnel, equipment and inputs all tend to promote invention patenting. Additionally, the use of R&D equipment and inputs help increase patenting while a larger share of R&D personnel is associated with less invention patents.
In terms of spillovers we find that provincial R&D spending and patenting spills over into increased invention patenting in the research institutes while the number of similar research institutes in your province is unimportant. For our internal spillovers we find that increases in the industry knowledge stock promotes patenting. A 10% increase in the industry's knowledge stock would lead to 4% increase in invention patents per research institute. Similarly, a 10% increase in the research institutes knowledge stock in the province and sector would lead to a 2% increase in patents per research institute. This effect falls with distance. A 100% increase in distance from the knowledge stock, reduces this effect by 0.13 percentage points (for a 10% increase in the knowledge stock).
For utility patents we find that having more personnel, S&T personnel, equipment and inputs all increases the number of utility patent applications. Moreover, having the inputs and equipment be a larger fraction of R&D raises utility patenting. However, institutes with a large fraction of R&D personnel tended to produce fewer utility patent applications because, as we show in table 7, they are focusing on scientific papers.
We find positive spillovers from provincial R&D spending and provincial patenting and negative spillovers from the number of other research institutes in your province and industry. We find that the national knowledge stock reduces utility patenting, but that the provincial sector knowledge stock increases patenting. In the latter case a 10% increase in the provincial sector knowledge stock should lead to 1.6% more utility patent applications per research institute. Again, being farther from the knowledge stock will reduce this effect. A 100% increase in distance from the knowledge stock reduces patenting by 0.1 percentage points.
Finally, we turn our attention to scientific paper production. In general, all the inputs increase scientific paper production: total personnel, S&T personnel, more R&D personnel, S&T equipment, R&D equipment, S&T inputs and R&D inputs. We also see positive spillovers in the sense that more R&D spending in the province and more patenting in the province is associated with a significant increase in scientific paper production. On the other hand, an increase in the number of research institutes in your province and industry leads to a fall in paper production.
Looking for spillovers within the research institute system, we find that a larger national industry knowledge stock leads to more paper production. But the result is not significant with institute fixed effects. Similarly, a large provincial-sector knowledge stock leads to more scientific paper production. For example, a 10% increase in the provincial sector knowledge stock results in a 0.14 percent increase in the number of papers per institute. And this effect falls by 0.02 percentage points for every 100% increase in distance for the research institutes. Table 8 contains regression results with log total revenue as the dependent variable. We consider three labor input measures: total personnel, fraction of total personnel which are S&T personnel and fraction P&M personnel. We have two additional input variables: log S&T equipment and log S&T intermediate inputs. For our spillover variables we consider the external variables R&D expenditure within the province and total industry sales within the province as a fraction of provincial GDP. For our internal spillovers we consider total revenue within the research institute's industry and total revenue for all other research institutes in the same province and sector as the institute. As with patents, we enter the spillover variables individually. The first column for each spillover variable is without institute fixed effects, the second adds institute fixed effects.
Revenue Results
We find that our input measures generally have the correct sign and are of a reasonable magnitude.
For example, a 1% increase in total personnel raises total revenue by 0.75%. This number falls to 0.55% with institute fixed effect, presumably because total personnel is correlated with differences in institute productivity. We find that without institute fixed effects the fraction of P&M personnel positively predicts the institute's total revenue. In this case, a 10-percentage point increase in the fraction of P&M personnel would lead to a 1.5% increase in total revenue. However, once we allow for institute fixed effects the P&M personnel coefficient is no longer significant. With institute fixed effects, the S&T personnel coefficient becomes marginally significant. In this case a 10-percentage point increase in the fraction of S&T personnel raises revenue by 1%. One possible explanation for this difference across specifications is that institutes with large amounts of revenue employee more P&M staff to manage that revenue but increases in revenue are coming from additional innovation accomplished by S&T employees.
Additionally, increases in inputs like S&T equipment and S&T intermediate inputs lead to an increase in total revenue. A 10% increase in S&T equipment leads to a 1% increase in total revenue and a 10% increase in S&T inputs leads to a 2.5% increase in total revenue. These estimates are smaller with fixed effects 0.6% and 1% respectively. Now turning out attention to the external spillover variables we find no evidence that provincial R&D expenditure increases institute productivity. The coefficient is small and insignificant in both specifications. This result contrasts with the positive effect this variable had on patenting.
Apparently, the patents do not immediately generate revenue for the research institutes. On the other hand, there is some evidence that institute revenue rises when sales in the province rise relative to provincial GDP. In our fixed effects specification, a 10-percentage point increase in the provincial GDP share of the industry that corresponds to the research institute's industry raises total revenue by about 1%.
We now examine our internal spillover variables. We examine the effect of increases in total revenue within the research institute's sector and province. A 10% increase in this revenue leads to 1% increase in total revenue. Notably, this effect falls by 0.08 percentage points given a 100% increase in the research institute's average distance. We find a similar impact of total revenue of all the other research institutes in the institute's industry. We find that an increase in national industry revenue is associated with an increase in the research institute's total revenue. A 10% increase in national industry research institute revenue translates to a 1.3% increase in the institute's total revenue. Most important, this effect diminishes as the research institute's average distance from the other institutes in its industry increases. For a 100% increase in distance from the other research institutes in its industry, this effect falls by 0.2 percentage points. However, this latter effect is not robust to including institute fixed effects. Now we consider the various components of revenue: S&T revenue and its subset government grant revenue and (P&M) production and management revenue. We first find that the effect of increasing personnel on S&T revenue is like the effect on total revenue. We find that a larger fraction of P&M personnel is associated with lower S&T revenue. This effect suggests that those institutes with a large fraction of P&M revenue focus more on business activities and less on basic science and technology research. We find, with fixed effects, that the fraction of S&T personnel has no effect on S&T revenue. This is a bit paradoxical but recall that S&T personnel are often engaged in basic research that is funded by the government and leads to fewer commercially viable products. S&T equipment and S&T intermediate inputs both increase S&T revenue.
For our external spillover variables, when provincial industry sales go up so does research institute S&T revenue. This result is consistent with the idea that stronger economic activity in the institute's industry increases its revenue from research related to the industry. It is also consistent with the idea that the government channels more funding to research institutes that are in booming industries. Surprisingly, we find that increased R&D expenditure in the province predicts lower S&T revenue. Possibly, R&D intensive provinces focus more on basic research and less on generating commercial revenue.
With our internal spillover variables, we see that when revenue for research institutes in the same province and sector as the research institute increases, it tends to generate more S&T revenue.
This effect falls as the institute is further from other related research institutes. For example, a 1% increase in the revenue of related research institute leads to a 0.04% increase in S&T revenue, however this effect falls by 0.01 percentage points for a 100% increase in the research institute distance from other research institutes. When we add fixed effects the signs of the coefficients are consistent but the distance effect is no longer significant. We find inconsistent effects of increased national industry revenue on S&T revenue. National industry revenue is associated with more S&T revenue and this effect diminishes the farther the research institute is located from its related institutes. However, the sign of this effect changes once institute fixed effects are added.
Next we examine the impact on P&M revenue in table 10. Not surprisingly, more workers and more P&M personnel lead to higher P&M revenue. On the other hand, a larger fraction of S&T personnel lowers P&M revenue though the effect is not significant with institute fixed effects.
More S&T equipment and more S&T intermediate inputs increase P&M revenue but the later effect is not significant with the institute fixed effects.
For the spillover variables, we find no evidence that our external spillover variables impact P&M revenue. However, we find that when national industry revenue rises by 1%, P&M revenue increases by 1.5% (fixed effects). However, for a 100% increase in distance away from national industry revenue, this effect falls by 0.18 percentage points. Similarly, a 1% increase in revenue among the research institutes in your sector and province, increases P&M revenue by 0.18% and this effect falls by 0.03 percentage points for a 100% increase in the research institute distance from other related research institutes. We find no evidence that provincial R&D expenditures spill over into increased government grants, however a 10% increase in the research institutes industry's share of provincial GDP is associated with 1-2% increase in government grant revenue. This result suggests the government may target basic research related to industries which are seen as important for a given geographical area. For the internal spillovers, we find that a 10% increase in national industry revenue leads to a 6% increase in government grant revenue. However, this effect falls by 0.6 percentage points for a 100% increase in the distance of the research institutes from other research institutes in its industry. Similarly, a 10% increase in revenue in the research institutes province and sector leads to a 0.2% increase in government grant revenue which falls by half when distance is doubled. However, the distance effect is not robust to including institute fixed effects.
Interpretation and Implications for Policy
In our analysis we have controlled for a substantial number of institute inputs, all time-invariant unobservable variables using institute fixed effects, and relied on spillover measures which are determined outside of the research institute's direct control. However, since we do not have pure exogenous variation in our spillover measures, we are unable to rule out the possibility that some time varying factor, correlated with our spillover variables are causing the positive productivity effects we document. For example, provincial R&D expenditure may go up at times when particularly promising technologies arrive, and the technology arrival not necessarily the external spending may cause the improvement in institute patenting and productivity. Similarly, distance from other institutes may be correlated with distance from economic activity and therefore we may overstate the role distance plays in reducing spillovers.
However, there are additional aspects of our empirical design which mitigate these concerns.
First, many of our spillover variables are based on past decisions. For example, the knowledge stock is based on past R&D expenditure and the location of institutes is determined by government fiat often decades in the past. Additionally, even if some unobservable factor is correlated with our spillover variables it is still an important finding that the interaction of the spillover with distance variables is negative. Even though me may not exactly identify the factor that increases productivity, we have still demonstrated that distance attenuates its impact.
Our results have important implications for research policy in China. One stated Chinese policy goal is to increase development away from the coast especially in the western provinces. In light of our findings, this goal may prove challenging as research institutes located farther away from similar research institutes were less productive. However, the results also suggest ways in which China can mitigate this difficulty. Specifically, creating linkages between similar research institutes will promote knowledge transmission. Additionally, promoting clusters of similar research institutes will allow them to reap the benefits of increased spillovers.
The results also point to inefficiencies in the research institute sector that can be resolved with better policy. For example, the number of research institutes in a province/sector was negatively correlated with productivity. This result suggest that merging institutes will lead to productivity gains. Additionally, despite the positive productivity effects of geographical proximity, government grant revenue did not fall with increased distance from similar research institutes.
Therefore, a channel exists to allocate government funding more productively. Finally, as productivity increased as the research institute's industry became a more important part of regional GDP it suggests that the government should promote research institutes that are a good match for the local economy.
Conclusion
Research and development and the resulting knowledge and technology is seen as a key driver of economic growth and living standards. This is especially true in China, where the economy is growing rapidly, research and development levels are high, and R&D is promoted by the central government as a way to maintain the country's impressive economic growth.
The study of knowledge production though is beset by a set of thorny issues. Not the least of which are the inability to accurately measure research output, the inability to connect research institutes in the same area, and the ability to observe a large number of actors engaged in research and development.
We address these issues with a novel, administrative data set provided by the Chinese government's Ministry of Science and Technology. We observe the location of China's roughly 4,000 research institutes and detailed information on their inputs, outputs and industry of specialization.
We found that increasing inputs led to higher knowledge production measured both by institute revenue and patent and paper production. Additionally, activity outside the research institutes contributed to their success. When provincial R&D spending was high, research institutes patented more. Similarly, when the province had a high stock of patents per person, institutes were more likely to patent. The number of institutes in a similar area to the research institute lowered patenting and publication. The knowledge stock within the institute's province and sector positively contributed to innovative output. Revenue output of the research institutes increased when the institute's industry because a larger fraction of provincial GDP. The revenue output of institutes also responded to the revenue of other research institutes. Institutes had higher revenue when other institutes in their industry and province had higher revenue. Importantly, in the most novel feature of our paper, we found that spillovers within the system of research institutes were diminished when research institutes were located farther from related research institutes. For example, the effect of the knowledge stock on productivity fell when distance from the knowledge stock increased. Similarly, the relationship between institute revenue and the revenue of other research institutes fell when distance from the research institutes increased.
Going forward, these results have important implications for research policy in China.
Specifically, as China tries to increase development in the central and western provinces it should pay attention to creating linkages between similar research institutes as a way to promote knowledge transmission. Additionally, the spillover results reveal significant avenue for the government to improve the productivity of the research institute sector.
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Figure 1: Histograms of Patent and Paper Output
Patent Applications Invention Patent Applications
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Note: This figure presents histograms for patent applications, invention patent applications, patents granted and scientific papers. These variables are calculated by summing across the current year and previous two years.
Histograms are truncated at 50 in all cases except for invention patent applications where the histogram is truncated at 30.
Figure 2: Percent of Research Institutes in Each Province by Industry
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